Bayesian state-space modeling of metapopulation dynamics in the Glanville fritillary butterfly by Harrison, P.
A commentary on
Bayesian state-space modeling of metapopulation dynamics in the Glanville fritillary butterfly by Harrison, P. J., Hanski, I., and Ovaskainen, O. (2011) . Ecol. Monog. 81, 581-598. doi: 10.1890/11-0192.1 "Our truth is the intersection of independent lies" Levins (1966) The strategy of scientific model building is the strategy of abstraction. An abstraction is devised to explain the workings of certain mechanistic principles and, as subjective constructs they are neither right nor wrong. Rather, abstractions obscure or enlighten the process under study, yielding useless or useful models (Levins, 2006) . Two opposing approaches are usually followed in the process of ecological model construction as a route to understanding (Evans et al., 2013) . In the first one, a model is worked out from theoretical principles and a set of testable predictions are then confronted with data from real systems. In the second approach, it is the detailed knowledge of the natural history of a particular system what drives the level of complexity of a mechanistic model used to fit empirical data, and this model is further used to reproduce the dynamics of the original system and, ideally, of other systems. Given the current challenges in the study of population dynamics (Oro, 2013) , which abstraction is more useful? The paper by Harrison et al. (2011) is a salient example of the second approach.
Using 17-year time series data from a metapopulation of the Glanville fritillary butterfly (Melitaea cinxia Figure 1 ) inhabiting 72 meadows in Finland, they fit a mechanistic Individual-Based Model (IBM) to spatial biannual counts of larval groups. With the aim of assessing the desirability of complex models with respect to simpler ones in explaining the observed metapopulation dynamics, they also derived a simpler, Stochastic Patch Occupancy Model (SPOM), and fit it to the presence or absence of local populations across time and space. Interestingly, the overall fitting of both models was rather similar, and the bold result is the same with either model: variation in habitat quality influenced patch occupancy mainly through the effects on movement behavior at patch edges. The question immediately arises: does it pay to have expensive, individual-based data if cheap, qualitative population data does a great job with respect to the original question?
Building models of increasing complexity invariably involve a tradeoff between generality, precision and realism (Levins, 1966; Reiners and Lockwood, 2010; Evans et al., 2013) . What the modeling strategy of Harrison et al. (2011) demonstrates, however, is that clear-cut definitions of simplicity or generality does not really exist (Evans et al., 2013) . Their modeling strategy simultaneously holds several layers of simplicity and complexity: although the ecological mechanism of dispersal as a factor connecting a set of spatially distributed populations is relatively simple (Hanski, 1999) , the mathematics underpinning models construction is rather complex. Furthermore, in line with state-of-the-art ecological modeling strategies (Lavine, 2010) their Bayesian state-space formulation involved the simultaneous statistical estimation of hundreds of parameters, some of them unidentifiable, and the authors acknowledged that a considerable amount of time was invested in the refining and finetuning of the fitting scheme.
So, where does this effort led them? Well, surprisingly, even though their approach is based on a sound knowledge on the biology and natural history of the Glanville fritillary butterfly accumulated during the past two decades, using independent data both the IBM and the SPOM consistently overestimated the probability of patch occupancy across the landscape. There's another significant lesson here. The Popperian mantra "We learn from our errors" is at the core of current philosophy of science (e.g., Mayo, 1996; Reiners and Lockwood, 2010) . In simple terms, it means that more knowledge can be obtained from the failures of a perspective than from its success. The fact that both the IBM and the SPOM agree not only on their predictions but also on their mispredictions is an important one, as it suggests a fundamental mismatch between model architectures and reality: key ecological ingredients are yet missing. The reasons for this mismatch are not clear, but it points to areas were further model improvements are evident. Framed in the strategy of learning by failing, the models by Harrison et al. (2011) are thus neither right nor wrong: they are fundamentally useful.
In summary, the paper by Harrison et al. (2011) is a brave work. It is a leading exercise on the development of a sophisticated mathematical language firmly rooted in a sound ecological knowledge. For more than 20 years now, the Glanville fritillary butterfly project has been yielding fundamental lessons on how to construct a particular ecological narrative through the use of an elegant blend of mathematical modeling and question-oriented fieldwork (Hanski, 1999) . It is a nice example of how the strategy of building complex models in ecology can be seen as the first step in the strategy of constructing simpler, yet effective ones. This journey from simple to complex models and back again to simpler ones, driven by bold questions, is likely the way to go for ecological research in the future, and it shows, once again, that false models should be regarded as means to truer theories (Wimsatt, 2007) .
